The intestinal mucous membrane interacts dynamically with the external environment. Intestinal epithelial cells sense the contents of and pathogens in the gastrointestinal tract and secrete regulatory products that orchestrate appropriate responses. However, we do not yet know all of the discrete types and subtypes of epithelial cell in the gut, their molecular characteristics, how they change during differentiation or how they respond to pathogenic insults.
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Extended Data Fig. 1g ). The proportions of most types of differentiated intestinal epithelial cell were consistent with expected abundances given our crypt-enriched isolation (Methods, Extended Data Fig. 1d ), although Paneth cells were under-represented 13 (3.6% compared to 5% expected), and the abundances of enteroendocrine and tuft cells were higher than expected 14,15 (4.3% and 2.3%, respectively, compared to 1% expected for both). To better capture Paneth cells, we devised a sorting strategy that is better suited to large cells. Profiling an additional 10,396 epithelial cells identified 1,449 Paneth cells (13.9%) in two distinct clusters (Extended Data Fig. 3a) , but no additional cell types. We therefore expect that all cell types with a prevalence of more than 0.75% were detected in our survey at 99% confidence.
We validated our droplet-based data by independently analysing 1,522 epithelial cells using full-length scRNA-seq 16 , with much higher coverage per cell (Fig. 1a, Extended Data Figs 1b, 2a) . Clustering (Methods) identified eight clusters, which were generally congruent with the droplet-based clusters (Extended Data Fig. 2a ), but provided no finer distinctions among the enterocytes, as expected given the smaller number of cells 10 . We then defined expression signatures for each cell type using both scRNA-seq datasets (Methods), highlighting known and newly identified markers ( Table 4 )-which we validated using single-molecule fluorescence in situ hybridization (smFISH; Methods, Fig. 1d, e) . In the full-length scRNA-seq dataset we also identified Paneth cell-specific expression of Mptx1 (false discovery rate (FDR) < 0.001, Mann-Whitney U test; Supplementary Table 3) . Other pentraxins, such as C-reactive protein (CRP) and serum amyloid P component protein (SAP), help to defend against pathogenic bacteria 18 . In addition, the two subsets of Paneth cells expressed distinct panels of antimicrobial α -defensins (Extended Data Fig. 3b) .
Next, from the full-length scRNA-seq data we identified enriched transcription factors, GPCRs and leucine-rich repeat proteins (Methods) for each of the main cell types (Extended Data Fig. 2d -f, Supplementary Table 5 ). The transcription factors identified include Krüppel-like factors such as Klf4, a known regulator of goblet cell development 19 , Klf15 in Paneth cells, and Klf3 and Klf6 in tuft cells (Extended Data Fig. 2f ). Among the cell-type-enriched GPCRs (Extended Data Fig. 2d , f, Supplementary Table 5), each of the sensory cell types (tuft and enteroendocrine) had more than ten enriched receptors. These included many nutrient-sensing receptors in enteroendocrine cells (such as the bile acid receptor 20 Gpbar1 and Gpr119, a sensor for food intake and glucose homeostasis 21 ) and the dopamine receptor Drd3 in tuft cells (Extended Data Fig. 2d ). Leucine-rich repeat proteins including several pattern recognition receptors such as Tlr2 were also variably expressed across subsets (Extended Data Fig. 2e ).
Regional cell-type diversity
We next used diffusion maps 22 to place the population of enterocytes in pseudo-temporal order (Extended Data Fig. 4a-d ). We observed a trajectory from stem-like to progenitor to immature enterocytes (Extended Data Fig. 4a , c) and captured (via diffusion component 2) distinct paths towards enterocytes of the proximal (duodenum and jejunum) and distal (ileum) small intestine (Extended Data Fig. 4b, d) . By identifying the transcription factors that were expressed in different regions of the diffusion map (Methods), we associated them with cellfate commitment to absorptive enterocytes (known 23 , Sox4; newly identified, Batf2, Mxd3 and Foxm1; Extended Data Fig. 4c , e) or with proximal or distal spatial identity (known 24 , Gata4 and Nr1h4; newly identified, Creb3l3, Jund, Osr2 and Nr1i3; Extended Data Fig. 4d, e) .
To test these predictions, in an independent experiment we profiled 11,665 single cells from epithelial tissue that was extracted separately from the duodenum, jejunum or ileum (n = 2 mice; Fig. 2a ). The cells span a continuum that reflects both regional and differentiation ordering (Fig. 2a) . Two separable subsets of differentiated enterocytes were populated by cells from either the duodenum or ileum (jejunum cells contributed to both). The signature genes for mature proximal and distal enterocytes that we identified computationally (Methods, Fig. 1c , Supplementary Table 2) were also differentially expressed between cells isolated separately from these regions (FDR < 0.05, Mann-Whitney U test; Fig. 2b ), as confirmed by smFISH (Extended Data Fig. 3d ). Most of the marker genes for one of the two subsets of Paneth cells (Extended Data Fig. 3b ) were enriched (FDR < 0.05) in only the proximal small intestine, and those for the other subset in only the distal small intestine, confirming that the marker genes reflect regional distinctions (Extended Data Fig. 3c) ; however, the newly identified marker Mptx2 showed no regional specificity (Supplementary Table 10 ). Finally, the stem cells in each region also express region-specific markers (Extended Data Fig. 3e ). When examined in either the nonregional (Extended Data Fig. 4f ) or the regional (Fig. 2c ) diffusion maps, these markers indicate distinct subsets of stem cells, each probably foreshadowing the eventual distinct type of enterocyte in the corresponding region (Fig. 2c ).
Characterizing subsets of enteroendocrine cells
Enteroendocrine cells are important sensors of nutrients and microbial metabolites 14, 25 that secrete diverse hormones and function as metabolic signal transduction units 26 . Enteroendocrine cells have been reported to comprise eight distinct subclasses, with cells expressing secretin (Sct), cholecystokinin (Cck), proglucagon (Gcg), glucose-dependent insulinotropic polypeptide (GIP), somatostatin (Sst), neurotensin (Nts), ghrelin (Ghrl) and serotonin (Tph1) traditionally termed S, I, L, K, D, N, A and . However, substantial crossover between these subtypes has been observed 14, 27 . To define putative enteroendocrine cell subtypes, we partitioned the 549 enteroendocrine cells (Fig. 1b, 310 Comparing our ab initio subsets to the canonical classification (Fig. 3c , left), we found that several key hormones were expressed across multiple clusters (Extended Data Fig. 5c ). Sct, which is reported 14 to be produced solely by S cells, was expressed by cells in all mature enteroendocrine cell subsets (Fig. 3c) ; Cck, the canonical marker for I cells, was expressed in five subsets. This pattern was concordant in full-length scRNA-seq data (Extended Data Fig. 5b) .
We placed each cluster in a new taxonomy (Fig. 3c , Extended Data Fig. 6a, b) and associated a given cluster with a canonical hormone if more than 50% of cells expressed the canonical hormone (Extended Data Fig. 5d ). Within each cluster, hormones were co-expressed in individual cells, without further partitioning (Extended Data Fig. 5c, d ). We therefore concatenated the annotation for previously defined subsets; for example: cells that express Sct, Cck, Gcg and Ghrl are termed SILA (Fig. 3c) . Several hormones were subset-specific ( Fig. 3c and Extended Data Fig. 6c ): galanin (Gal) to SILA, neurotensin (Nts) to SIN, nucleobindin 2 (Nucb2) to SIK, and amylin (or islet amyloid polypeptide, Iapp) and somatostatin (Sst) to SAKD. Notably, we distinguished two subsets of enterochromaffin cells, which regulate gut motility and secretory reflexes 28 (Fig. 3c , Extended Data Fig. 5c, d ): one marked by Reg4 and Afp expression, and one in which Reg4 is barely detectable (labelled 'EC-Reg4' and 'EC' , respectively, in Fig. 3b, c) ; we validated this result in situ (Fig. 3f) . The different subsets also vary in GPCR gene expression, which may reflect their role in luminal nutrient sensing (Extended Data Fig. 6d ).
Some enteroendocrine cell subtypes localized preferentially to specific regions (Fig. 3e) . SILA, expressing the hunger hormone 29 Ghrl and Gcg as validated in situ (Fig. 3d) , were enriched in the duodenum (FDR < 0.25, χ 2 test; Methods), whereas SIL-P and SIK-P, both expressing the hormone peptide YY, which reduces appetite upon feeding 30 , were found mainly in the ileum (FDR < 0.1, χ 2 test; Fig. 3e , Extended Data Fig. 5c ).
Two newly identified subsets of tuft cells
Tuft cells are the chemosensory cells of the gut and are enriched for taste-sensing molecules 31 . Recently, they were also shown to have a key role in type 2 immunity to helminth infection, through interleukin-25 (Il25) 2, 15, 32 . A previously identified signature of tuft cells 33 , based on bulk profiles of Trpm5 + cells, contained neuronal and inflammation gene programs, which could reflect either co-expression in the same cells or distinct subsets.
To distinguish these two possibilities, we re-clustered the 166 cells in the 3′ -droplet-based cluster of tuft cells (Fig. 1b, Extended Data Fig. 1g ) into four clusters (Methods; Fig. 4a ): two representing progenitors (early and late) and two representing mature cells (tuft-1 and tuft-2). We confirmed the same subdivision in the tuft-cell-enriched (CD24a + sorted) full-length scRNA-seq dataset (Extended Data Fig. 7a ). There was no noticeable distinction between the tuft-1 and tuft-2 regional distribution (data not shown). We then defined signatures for the tuft-1 and tuft-2 clusters using both datasets (FDR < 0.01, Mann-Whitney U test; Methods, Table 7) .
The tuft-2 cell signature was enriched for immune-related genes (FDR < 0.001; Extended Data Fig. 7c, d ), whereas the tuft-1 signature included genes related to neuronal development (Extended Data Fig. 7d) , we examined their expression of epithelial cytokine genes. Both subsets expressed Il25 (Fig. 4c ), but neither expressed Il33 (Extended Data Fig. 7e ). Importantly, tuft-2 cells expressed significantly higher levels of the T H 2-promoting cytokine thymic stromal lymphopoietin (Tslp) 34 (FDR < 0.1, Mann-Whitney U test; Fig. 4c ), which we confirmed using smFISH and quantitative polymerase chain reaction (qPCR; Extended Data Fig. 7f, g ). Tuft cells also specifically expressed receptors for the T H 2-related cytokines IL-4 (Il4ra) and IL-13 (Il13ra1) and for IL-25 (Il17rb), which could support autocrine signalling during T H 2 cell responses (FDR < 0.05, Mann-Whitney U test; Supplementary Tables 2-4).
Unexpectedly, Ptprc, which encodes the pan-immune marker CD45, was expressed strongly and exclusively by tuft-2 cells (Fig. 4d-f , Extended Data Fig. 7h ). Tuft-2 cells were consistently strongly enriched in droplet-based 3′ scRNA-seq of EpCAM
+ cells (n = 3 mice; Fig. 4g , Extended Data Fig. 7i , Methods). To our knowledge, this is the first finding of CD45 + cells from a non-haematopoietic lineage, highlighting the challenges of associating individual markers with specific cell populations, even when the markers for a given cell type are well established.
Characterizing microfold cells

Microfold cells are derived from Lgr5
+ intestinal stem cells, which reside in the rare follicle-associated epithelia of the small intestine 35 . Because microfold cells represent only about 10% of this rare structure 36 , they were not detected in our initial survey. To identify and characterize microfold cells, we first used an ex vivo model of microfold cell differentiation, analysing 5,434 cells from small intestinal organoids treated with RANKL 35 for 0, 3 or 6 days ( Fig. 5a, b, Extended Data Fig. 8a ). We classified a cluster of 378 cells (Fig. 5a , Methods) as differentiated microfold cells on the basis of the expression of known marker genes 37 (Extended Data Fig. 8b-d) , and used this cluster to construct in vitro microfold-cell-specific signatures (Extended Data Fig. 8e , f, Supplementary Table 8, Methods).
We confirmed the in vivo relevance of these signatures by profiling 4,700 EpCAM + cells from follicle-associated epithelia of wild-type and Gfi1b-GFP-labelled knock-in mice (Gfi1b is a known marker for tuft and microfold cells 15, 35 ; n = 5 mice). A cluster of 18 cells (Fig. 5c , Methods) was enriched for known microfold cell markers (FDR < 0.05, Mann-Whitney U test; Fig. 5d ) and the in vitro microfold cell signature (P < 10 −4
; Extended Data Fig. 8g ). Using this cluster, we defined an in vivo signature of markers and transcription factors (Fig. 5d, Methods) . The microfold cell signature confirmed that microfold cells from Peyer's patches were too rare to detect without specific enrichment of follicle-associated epithelia (only 1 of 7,216 cells in our initial sampling (Fig. 1b) was positive). Discovering any other, as yet unknown, subsets of rare cells would require additional stratification.
Epithelial response to pathogen infection
The responses of immune and epithelial cells to pathogens have a key role in maintaining gut homeostasis 38 . We investigated the responses of intestinal epithelial cells to Salmonella enterica and to the parasitic helminth Heligmosomoides polygyrus. We profiled individual intestinal epithelial cells using droplet-based 3′ scRNA-seq two days after Salmonella infection (n = 2 mice, 1,770 cells) and three days (n = 2 mice, 2,121 cells) and ten days (n = 2 mice, 2,711 cells) after H. polygyrus infection, and matched the results against controls (n = 4 mice, 3,240 cells). We also profiled 389 cells with full-length scRNA-seq. The response to each pathogen incorporated pathogen-specific and pathogen-shared changes in expression and shifts in cell proportions and cell-intrinsic programs. Salmonella-induced genes across all infected intestinal epithelial cells (FDR < 0.25, likelihood-ratio test; Extended Data Fig. 9a , top left, Supplementary Table 9 ). Stress gene modules were also upregulated in stem cells after both Salmonella and day-10 helminth infection (FDR < 0.05; data not shown). Additional responses to Salmonella were cell-type-specific: expression of antimicrobial peptides and Mptx2 was increased in Paneth cells (Extended Data Fig. 9f) ; 40 genes were induced in enterocytes, mostly (65%) in a Salmonella-specific manner (Extended Data Fig. 9d , Methods), including the pattern-recognition receptor Nlrp6; and the pro-inflammatory apolipoproteins serum amyloid A1 and A2 (encoded by Saa1 and Saa2) 40 were induced in distal enterocytes (Extended Data Fig. 9a , e). Some antimicrobial peptides, such as Reg3a, Reg3b and Reg3d, which are normally enterocyte-specific, were induced in all cell types after Salmonella infection ( We distinguished the contribution of changes in cell-intrinsic expression programs from that of shifts in cell composition (determined by unsupervised clustering; Fig. 6a, b) . After Salmonella infection, the frequency of mature enterocytes increased substantially (from 13.1% on average in control to 21.7% in infection; Fig. 6b ), whereas the proportion of transit-amplifying (52.9% to 18.3%) and stem (20.7% to 6.4%) cells decreased significantly (FDR < 10 −10 ). In agreement with a previous study 41 , the proportions of mature Paneth cells also increased significantly (from 1.1% to 2.3%; FDR < 0.01). During infection with H. polygyrus there was a marked increase in the number of goblet cells, which are known to respond to the parasite 42 , and a reduction in enterocytes (Fig. 6b) . The proportion of tuft cells increased significantly by day 3 (from 1.9% to 6.3%; FDR < 10 −5 , Wald test) and even further by day 10 (to 8.5%; FDR < 10 −10 , Wald test) (Fig. 6b) , with a significant increase in the number of tuft-2 cells within the tuft cell population by day 10 (17.2% to 43.0%; FDR < 0.05, Wald test; Fig. 6d, Extended Data Fig. 10b, c ). There were also cell-intrinsic changes: within goblet cells, genes previously implicated in antiparasitic immunity such as RELMβ (Retnlb) 42 were induced (FDR < 10
, likelihood-ratio test; Extended Data Fig. 10d, e) , some of which (such as Wars and Pnlipr2) were not previously known to be expressed by goblet cells.
Discussion
The intestinal epithelium is the most diverse epithelial tissue in the body. Our high-resolution single-cell survey of the mouse intestinal epithelium reveals further diversity, as well as coherent cell-specific transcriptional programs, which we validated in situ and in prospectively isolated cells. One example of new cellular diversity that we identified in this study is the two tuft cell subtypes, one expressing neuron-related and the other T H 2-recruiting epithelial cytokines, which could provide insight into the mechanisms that underlie food allergies. In addition, CD45 expression by rare epithelial cells highlights the necessity of using a set of markers to identify cell populations unambiguously.
Our survey resolved the cellular populations that are implicated in key sensory pathways at high resolution. For example, we provide a detailed profile of the GPCRs that are expressed by intestinal epithelial cells, including subsets of enteroendocrine cells. Notably, the cannabinoid receptor 21 Gpr119 was enriched in the newly identified SILA subset (FDR < 0.05; Extended Data Fig. 6d) , our analysis reveals that this restructuring of the epithelial barrier is specific to the identity of the pathogen. Helminth infection led to marked accumulation of secretory cell types, whereas Salmonella infection induced accumulation of absorptive enterocytes and Paneth cells. These compositional changes were accompanied and enhanced by cell-intrinsic changes to regulatory programs. Moreover, we uncovered a previously unknown epithelial cell response to Salmonella, whereby the expression of genes that are cell-type-specific in homeostatic conditions was broadened across multiple cell types during infection. Overall, our study provides a reference dataset, including cell-type-specific markers, transcription factors and GPCRs, and specific hypotheses for follow-up studies, which could potentially lead to new interventions in inflammatory, metabolic and proliferative gut pathologies.
Online Content Methods, along with any additional Extended Data display items and Source Data, are available in the online version of the paper; references unique to these sections appear only in the online paper. 44 . Mice were euthanized 3 and 10 days after H. polygyrus infection. For Salmonella enterica, mice were infected with a naturally streptomycin-resistant SL1344 strain of S. Typhimurium (10 8 cells) as described previously 44 , and were euthanized 48 h after infection. Cell dissociation and crypt isolation. Crypt isolation. The small intestine of C57BL/6J wild-type, Lgr5-GFP or Gfi1b-GFP mice was isolated and rinsed in cold PBS. The tissue was opened longitudinally and sliced into small fragments roughly 2 mm in length. The tissue was incubated in 20 mM EDTA-PBS on ice for 90 min, shaking every 30 min. The tissue was then shaken vigorously and the supernatant was collected as fraction 1 in a new conical tube. The tissue was incubated in fresh EDTA-PBS and a new fraction was collected every 30 min. Fractions were collected until the supernatant consisted almost entirely of crypts. The final fraction (enriched for crypts) was washed twice in PBS, centrifuged at 300g for 3 min, and dissociated with TrypLE express (Invitrogen) for 1 min at 37 °C. The single-cell suspension was then passed through a 40-μ m filter and stained for FACS for scRNA-seq (below) or used for organoid culture. We confirmed the robustness of this method by testing additional single-cell isolation methods-either 'whole' (scraping the epithelial lining) or 'villus-enriched' (fraction 1; see above)-and found that, owing to the high mortality rate (via anoikis) of post-mitotic differentiated cells (the primary component of which is mature enterocytes), crypt-enriched single-cell suspension faithfully represents the composition of the types of small intestine cell (data not shown). Follicle-associated epithelia isolation. Epithelial cells from the follicle-associated epithelia were isolated by extracting small sections (0.2-0.5 cm) containing Peyer's patches from the small intestine of C57Bl/6J or Gfi1b eGFP/+ mice. Cell sorting. For plate-based full-length scRNA-seq experiments, a FACS machine (Astrios) was used to sort a single cell into each well of a 96-well PCR plate containing 5 μ l of TCL buffer with 1% 2-mercaptoethanol. For EpCAM 
/CD45
+ to sort 2,000 single cells. We used a lenient sorting gate to ensure that we obtained sufficient numbers of these rare tuft-2 cells, which led to a higher contamination rate of T cells, which we removed in our single-cell analysis using unsupervised clustering.
For full-length scRNA-seq sorting, the 96-well plate was sealed tightly with a Microseal F and centrifuged at 800g for 1 min. The plate was immediately frozen on dry ice and kept at − 80 °C until ready for the lysate clean-up. Bulk population cells were sorted into an Eppendorf tube containing 100 μ l solution of TCL with 1% 2-mercaptoethanol and stored at − 80 °C.
For droplet-based scRNA-seq, cells were sorted with the same parameters as for plate-based scRNA-seq, but were sorted into an Eppendorf tube containing 50 μ l of 0.4% BSA-PBS and stored on ice until proceeding to the GemCode single-cell platform. Plate-based scRNA-seq. Single cells. Libraries were prepared using a modified SMART-Seq2 protocol 16 . In brief, RNA lysate clean-up was performed using RNAClean XP beads (Agencourt) followed by reverse transcription with Maxima Reverse Transcriptase (Life Technologies) and whole-transcription amplification (WTA) with KAPA HotStart HIFI 2 × ReadyMix (Kapa Biosystems) for 21 cycles. WTA products were purified with Ampure XP beads (Beckman Coulter), quantified with Qubit dsDNA HS Assay Kit (ThermoFisher) and assessed with a high-sensitivity DNA chip (Agilent). RNA-seq libraries were constructed from purified WTA products using Nextera XT DNA Library Preperation Kit (Illumina). On each plate, the population and no-cell controls were processed using the same method as for the single cells. The libraries were sequenced on an Illumina NextSeq 500. Bulk samples. Bulk population samples were processed by extracting RNA with RNeasy Plus Micro Kit (Qiagen) as per the manufacturer's recommendations, and then proceeding with the modified SMART-Seq2 protocol following lysate clean-up, as described above. Droplet-based scRNA-seq. Single cells were processed through the GemCode Single Cell Platform using the GemCode Gel Bead, Chip and Library Kits (10X Genomics, Pleasanton) as per the manufacturer's protocol. In brief, single cells were sorted into 0.4% BSA-PBS. 6,000 cells were added to each channel with an average recovery rate of 1,500 cells. The cells were then partitioned into Gel Beads in Emulsion in the GemCode instrument, where cell lysis and barcoded reverse transcription of RNA occurred, followed by amplification, shearing and 5′ adaptor and sample index attachment. Libraries were sequenced on an Illumina NextSeq 500. Immunofluorescence and smFISH. Immunofluorescence. Staining of small intestinal tissues was conducted as described previously 34 . In brief, tissues were fixed for 14 h in formalin, embedded in paraffin and cut into 5-μ m-thick sections. Sections were deparaffinized using standard techniques, incubated with primary antibodies overnight at 4 °C and then with secondary antibodies at room temperature for 30 min. Slides were mounted with Slowfade Mountant + DAPI (Life Technologies, S36964) and sealed.
smFISH. An RNAScope Multiplex Flourescent Kit (Advanced Cell Diagnostics) was used as per the manufacturer's recommendations with the following alterations. The target retrieval boiling time was adjusted to 12 min and incubation with Protease IV at 40 °C was adjusted to 8 min. Slides were mounted with Slowfade Mountant+ DAPI (Life Technologies, S36964) and sealed. Combined immunofluorescence and smFISH. This was implemented by first performing smFISH as described above, with the following changes. After Amp 4, tissue sections were washed in washing buffer, incubated with primary antibodies overnight at 4 °C, washed in 1× TBST three times and then incubated with secondary antibodies for 30 min at room temperature. Slides were mounted with Slowfade Mountant + DAPI (Life Technologies, S36964) and sealed. Image analysis. Images of tissue sections were taken with a confocal microscope Fluorview FV1200 using Kalman and sequential laser emission to reduce noise and signal overlap. Scale bars were added to each image using the confocal software FV10-ASW 3.1 Viewer. Images were overlaid and visualized using Image J software 45 . Probes used for single-molecule RNAscope (Advanced Cell Diagnostics): Cck (C1), Ghrl (C2), Gcg (C3), Tph1 (C1), Reg4 (C2), Tslp (C1), Ptprc (C1) and Mptx2 (C1). Intestinal organoid cultures. Following crypt isolation, the single-cell suspension was resuspended in Matrigel (BD Bioscience) with 1 μ M Jagged-1 peptide (Ana-Spec). Roughly 300 crypts embedded in 25 μ l of Matrigel were seeded onto each well of a 24-well plate. Once solidified, the Matrigel was incubated in 600 μ l culture medium (Advanced DMEM/F12, Invitrogen) with streptomycin/ penicillin and glutamatax and supplemented with EGF (100 ng ml , R&D Systems). Fresh media was replaced on day 3, and organoids were passaged by dissociation with TrypLE and re-suspended in new Matrigel on day 6 with a 1:3 split ratio. For selected experiments, organoids were additionally treated with RANKL (100 ng ml −1 , Biolegends). Treated organoids were dissociated and subjected to scRNA-seq using both methods. Quantitative PCR. cDNA of 16 whole-transcriptome-amplified single cells of tuft-1, tuft-2 and random EpCam+ from the full-length-based scRNA-seq plates were used for the relative qPCR. Gene expression was analysed by quantitative real-time PCR on a LightCycler 480 Instrument II (Roche) using LightCycler 480 SYBR green mix (Roche) with the following primer sets:
Antibodies and probes.
Article reSeArcH TCTACACCATC; Dclk1-R, CCAGCTTCTTAAAGGGCTCGAT. qPCR primers were designed for an exon-exon boundary in all transcripts. Computational analysis. Pre-processing of droplet-based scRNA-seq data. De-multiplexing, alignment to the mm10 transcriptome and unique molecular identifier (UMI)-collapsing were performed using the Cellranger toolkit (version 1.0.1) provided by 10X Genomics. For each cell, we quantified the number of genes for which at least one read was mapped, and then excluded all cells with fewer than 800 detected genes. Expression values E i,j for gene i in cell j were calculated by dividing UMI counts for gene i by the sum of the UMI counts in cell j, to normalize for differences in coverage, and then multiplying by 10,000 to create TPM-like values, and finally computing log 2 (TPM + 1). Batch correction was performed using ComBat 46 as implemented in the R package sva 47 , using the default parametric adjustment mode. The output was a corrected expression matrix, which was used as an input to further analysis.
Selection of variable genes was performed by fitting a generalized linear model to the relationship between the squared coefficient of variation and the mean expression level in logarithmic space, and selecting genes that deviated significantly (P < 0.05) from the fitted curve 48 .
Pre-processing of SMART-Seq2 scRNA-seq data. BAM files were converted to merged, de-multiplexed FASTQs using the Illumina-provided Bcl2Fastq software package v2.17.1.14. Paired-end reads were mapped to the UCSC mm10 mouse transcriptome using Bowtie 49 with parameters '-q --phred33-quals -n 1 -e 99999999 -l 25 -I 1 -X 2000 -a -m 15 -S -p 6' , which allows alignment of sequences with one mismatch. Expression levels of genes were quantified using TPM values calculated by RSEM 50 v1.2.3 in paired-end mode. For each cell, we quantified the number of genes for which at least one read was mapped, and then excluded all cells with either fewer than 3,000 detected genes or a transcriptome mapping of less than 40%. We then identified highly variable genes as described above. Dimensionality reduction using PCA and t-SNE. We restricted the expression matrix to the subsets of variable genes and high-quality cells noted above, and then centred and scaled values before inputting them into principal component analysis (PCA), which was implemented using the R function prcomp from the stats package for the SMART-seq2 dataset. For the droplet-based dataset we used a randomized approximation to PCA, implemented using the rpca function from the rsvd R package, with the parameter k set to 100. This low-rank approximation was used because it is several orders of magnitude faster to compute for very wide matrices. Given that many principal components explain very little of the variance, the signal-to-noise ratio can be improved substantially by selecting a subset of n 'significant' principal components. After PCA, significant principal components were identified using the permutation test 51 , implemented using the permutationPA function from the jackstraw R package. This test identified 13 and 15 significant principal components in the 10X and SMART-Seq2 datasets of Fig. 1b and Extended Data Fig. 2a , respectively. Scores from only these significant principal components were used as the input to further analysis.
For visualization, the dimensionality of the datasets was further reduced using the 'Barnes-hut' approximate version of t-SNE 52, 53 . This was implemented using the Rtsne function from the Rtsne R package using 20,000 iterations and a perplexity setting that varied from 10 to 30 depending on the size of the dataset. Identifying cell differentiation trajectories using diffusion maps. Before running diffusion-map dimensionality reduction we selected highly variable genes in the data as follows. We first fit a null model for baseline cell-cell gene expression variability in the data, using a power-law relationship between the coefficient of variation and the mean of the UMI counts of all of the expressed genes, similar to previous work 54 . Next, we calculated for each gene the difference between the value of its observed coefficient of variation and that expected by the null model (CV diff ). The histogram of CV diff exhibited a 'fat' tail. We calculated the mean μ and standard deviation σ of this distribution, and selected all genes for which CV diff > μ + 1.67σ, yielding 761 genes for further analysis.
We performed dimensionality reduction using the diffusion-map approach 22 . In brief, a cell-cell transition matrix was computed using a Gaussian kernel, with the kernel width adjusted to the local neighbourhood of each cell 55 . This matrix was converted to a Markovian matrix after normalization. The right eigenvectors v i (i = 0, 1, 2, …) of this matrix were computed and sorted in order of decreasing eigenvalue λ i (i = 0, 1, 2, …), after excluding the 'top' eigenvector v 0 , corresponding to λ 0 = 1 (which reflects the normalization constraint of the Markovian matrix). The remaining eigenvectors v i (i = 1, 2, …) define the diffusion-map embedding and are referred to as diffusion components (DC k , k = 1, 2, …). We noticed a spectral gap between λ 4 and λ 5 , and hence retained DC 1 -DC 4 for both the initial dataset (Extended Data Fig. 4 ) and the data extracted from distinct intestinal regions (Fig. 2c) . Removing contaminating immune cells and doublets. Although cells were sorted before sequencing using EpCAM, a small number of contaminating immune cells were observed in the 10X dataset. These 264 cells were removed by an initial round of unsupervised clustering (density-based clustering of the t-SNE map using dbscan 56 from the R package fpc) because they formed an extremely distinct cluster. For the SMART-Seq2 dataset, several cells were outliers in terms of library complexity, which could possibly correspond to more than one individual cell per sequencing library ('doublets'). These cells were then removed by calculating the top 1% quantile of the distribution of genes detected per cell and removing any cells in this quantile. Cluster analysis. To cluster single cells by their expression, we used an unsupervised clustering approach, based on the Infomap graph-clustering algorithm 9 , following approaches for single-cell CyTOF data 57 and scRNA-seq 10 . In brief, we constructed a k-nearest-neighbour graph on the data using, for each pair of cells, the Euclidean distance between the scores of significant principal components to identify k nearest neighbours. The parameter k was chosen to be consistent with the size of the dataset. Specifically, k was set to 200 and 80 for the droplet-based dataset of 7,216 cells (Fig. 1b) and for the SMART-Seq2 dataset of 1,522 cells (Extended Data Fig. 2a) , respectively. RANKL-treated organoids contained 5,434 cells and k was set to 200; the Salmonella and H. polygyrus dataset contained 9,842 cells and k was set to 500. For cluster analyses within cell types, specifically the enteroendocrine and tuft cell subsets, we used the Pearson correlation distance instead of the Euclidean distance, and set k = 15, k = 30 and k = 40 for the enteroendocrine subtypes (533 cells), and for the 166 and 102 tuft cells in the 10X and SMARTSeq2 datasets, respectively. The nearest-neighbour graph was computed using the function nng from the R package cccd. The k-nearest-neighbour graph was then used as the input to Infomap 9 , implemented using the infomap.community function from the igraph R package.
Detected clusters were mapped to cell types or intermediate states using known markers for intestinal epithelial cell subtypes. (Extended Data Fig. 1g , Extended Data Fig. 2a) . For of the enteroendocrine (EEC) cell subanalysis (Fig. 3) , any group of EEC progenitor clusters with average pairwise correlations between significant principal component scores of r > 0.85 was merged, resulting in four clusters. We labelled these four clusters progenitor ' A' on the basis of high levels of Ghrl, or progenitor (early), (middle) or (late) (in that order) on the basis of decreasing levels of stem (Slc12a2, Ascl2, Axin2) and cell-cycle genes and increasing levels of known EEC regulatory factors (Neurod1, Neurod2 and Neurog3) (Extended Data Fig. 5c , Supplementary Table 6 ). For the SMART-Seq2 dataset, two clusters expressing high levels of stem cell marker genes (Extended Data Fig. 2a) were merged to form a 'stem' cluster and two other clusters were merged to form a 'TA' cluster.
For the cluster analysis of the follicle-associated epithelium dataset of 4,700 cells, the microfold cells were very rare (0.38%) and so the ClusterDP method 58 was used to identify them because it performed empirically better than the k-nearestneighbour graph algorithm on this dataset. As with the k-nearest-neighbour methods, ClusterDP was run using significant (P < 0.05) principal component scores (19 in this case) as input, and was implemented using the findClusters and densityClust functions from the densityClust R package using parameters rho = 1.1 and delta = 0.25. Extracting rare cell types for further analysis. The initial clustering of the wholegut dataset (7,216 cells; Fig. 1b) showed a cluster of 310 EEC cells and 166 tuft cells. The tuft cells were taken 'as is' for the subanalysis (Fig. 4a, b) , whereas the EEC cells were combined with a second cluster of 239 EEC cells that were identified in the regional dataset (Fig. 2a, right) for a total of 549 EEC cells. A group of 16 cells co-expressed EEC markers Chga and Chgb with markers of Paneth cells, including Lyz1, Defa5 and Defa22, and were therefore interpreted as doublets and removed from the analysis, leaving 533 EEC cells, which were the basis for the analysis in Fig. 3 . To compare expression profiles of enterocytes from the proximal and distal small intestine (Fig. 2b) , the 1,041 enterocytes identified from 11,665 cells in the regional dataset (Fig. 2a) were used. Defining cell-type signatures. To identify maximally specific genes for cell types, we ran differential expression tests between each pair of clusters for all possible pairwise comparisons. Then, for a given cluster, putative signature genes were filtered using the maximum FDR Q value and ranked by the minimum log 2 (fold change). The minimum fold change and maximum Q value represent the weakest effect size across all pairwise comparisons; it is therefore a stringent criterion. Cell-type signature genes shown in Fig. 1c, Extended Data Fig. 2b , Extended Data Fig. 8e and Supplementary Tables 2-4 and 8 were obtained using a maximum FDR of 0.05 and a minimum log 2 (fold change) of 0.5. In the case of post-mitotic celltype signatures, all genes passed this threshold in both 3′ (Fig. 1c) and full-length (Extended Data Fig. 2b) datasets.
In the case of signature genes for subtypes within cell types (Fig. 3b, Fig. 4b , Extended Data Fig. 7b ), a combined P value (across the pairwise tests) for enrichment was computed using Fisher's method-a more lenient criterion than simply taking the maximum P value-and a maximum FDR Q value of 0.01 was used, along with a cut-off of minimum log 2 (fold change) of 0.25 for tuft cell subtypes (Fig. 4b, Extended Data Fig. 7b, Supplementary Table 7 ) and of 0.1 for EEC subtypes Article reSeArcH (Fig. 3b, Supplementary Table 6 ). All genes in the tuft cell signature passed this cutoff in both 3′ (Fig. 4b) and full-length (Extended Data Fig. 7b ) datasets, while EEC subtype signatures were defined using 3′ only. Owing to low cell numbers (n = 18), Fisher's combined P value was also used for the in vivo microfold cell signature, with an FDR cut-off of 0.001 (Fig. 5d, Supplementary Table 8 ). Marker genes were ranked by minimum log 2 (fold change). Differential expression tests were carried out using the Mann-Whitney U test (also known as the Wilcoxon rank-sum test) implemented using the R function wilcox.test. For the infection experiments (Fig. 6) we used a two-part 'hurdle' model to control both technical quality and mouse-to-mouse variation. This was implemented using the R package MAST 59 , and P values for differential expression were computed using the likelihood-ratio test. Multiple hypothesis testing correction was performed by controlling the FDR 60 using the R function p.adjust. Scoring cells using signature gene sets. To obtain a score for a specific set of n genes in a given cell, a 'background' gene set was defined to control differences in sequencing coverage and library complexity between cells in a manner similar to ref. 12. The background gene set was selected to be similar to the genes of interest in terms of expression level. Specifically, the 10n nearest neighbours in the twodimensional space defined by mean expression and detection frequency across all cells were selected. The signature score for that cell was then defined as the mean expression of the n signature genes in that cell, less the mean expression of the 10n background genes in that cell. Estimates of cell-type sampling frequencies. For each cell type the probability of observing at least n cells in a sample of size k is modelled using the cumulative distribution function of a negative binomial NBcdf(k, n, p), where p is the relative abundance of this cell type. For m cell types with the same parameter p, the overall probability of seeing each type at least n times is NBcdf(k; n, p) m . Such analysis can be performed with user-specified parameters at http://satijalab.org/howmanycells. EEC dendrogram. Average expression vectors were calculated for all 12 EEC subset clusters, using log 2 (TPM + 1) values, and restricted to the subset of 1,361 genes identified as significantly variable between EEC susbsets (P < 0.05), as described above. The average expression vectors including these genes were hierarchically clustered using the R package pvclust (Spearman distance, ward.D2 clustering method), which provides bootstrap confidence estimates on every dendrogram node as an empirical P value over 100,000 trials (Extended Data Fig. 6a ). Cell-type-specific transcription factors, GPCRs and leucine-rich repeat proteins. A list of all genes identified as acting as transcription factors in mice was obtained from AnimalTFDB 61 . The set of GPCRs was obtained from the UniProt database (http://www.uniprot.org/uniprot/?query= family%3A%22g+ protein+ coupled+ receptor%22+ AND+ organism%3A%22Mouse+ %5B10090%5D%22+ AND+ reviewed%3Ayes&sort= score). Functional annotations for each protein (Extended Data Fig. 2d) were obtained from the British Pharmacological Society (BPS) and International Union of Basic and Clinical Pharmacology (IUPHAR) (http://www.guidetopharmacology.org/GRAC/GPCRListForward?class= A). The list of leucine-rich repeat proteins was taken from ref. 62 . To map from human to mouse gene names, human and mouse orthologues were downloaded from Ensembl (latest release 86; http://www.ensembl.org/biomart/martview), and human and mouse gene synonyms from NCBI (ftp://ftp.ncbi.nlm.nih.gov/gene/ DATA/GENE_INFO/Mammalia/). For each human leucine-rich repeat gene, all human synonyms were mapped to the orthologous gene in mouse using the orthologue list, and mouse gene names were mapped to those in the single-cell data using the synonym list.
Cell-type-enriched transcription factors, GPCRs and leucine-rich repeat proteins were then identified by intersecting the list of genes enriched in each cell type with the lists of transcription factors, GPCRs and leucine-rich repeat proteins defined above. Cell-type-enriched genes were defined using the SMARTSeq2 dataset as those with a minimum log 2 (fold change) of 0 and a maximum FDR of 0.5, retaining a maximum of 10 genes per cell type in Extended Data Fig. 2e , f (complete lists are provided in Supplementary Table 5 ). In addition, a more extensive panel of cell-type-specific GPCRs was identified (Extended Data Fig. 2d ) by selecting a more lenient threshold. This was achieved by comparing each cell type to all other cells, instead of the pairwise comparisons described in the previous section, and selecting all GPCR genes that were differentially expressed (FDR < 0.001).
Testing for changes in cell type proportions. We model the detected number of each cell type in each mouse analysed as a random count variable using a Poisson process. The rate of detection is then modelled by providing the total number of cells profiled in a given mouse as an offset variable, with the condition of each mouse (treatment or control) provided as a covariate. The model was fitted using the R command glm from the stats package. The P value for the significance of the effect produced by the treatment was assessed using a Wald test on the regression coefficient.
For the assessment of the significance of spatial distributions of EEC subsets (Fig. 3e) , the comparison involved more than two groups. In particular, our null hypothesis was that the proportion of each EEC subset detected in the three intestinal regions (duodenum, jejunum and ileum) was equal. To test this hypothesis, we used analysis of variance (ANOVA) with a χ 2 test on the Poisson model fit described above, implemented using the anova function from the stats package. Gene set enrichment and gene ontology analysis. Gene ontology analysis was performed using the goseq R package 63 , using significantly differentially expressed genes (FDR < 0.05) as target genes, and all genes expressed with log 2 (TPM + 1) > 3 in at least ten cells as background. Data availability. All data are deposited in the Gene Expression Omnibus (GEO; GSE92332) and in the Single Cell Portal (https://portals.broadinstitute.org/ single_ cell/study/small-intestinal-epithelium). Code availability. R markdown scripts enabling the main steps of the analysis to be performed are available from the corresponding authors on reasonable request.
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Extended Data Figure 1 | Identifying intestinal epithelial cell types in  scRNA-seq data by unsupervised clustering. Related to Fig. 1.  a, b , Quality metrics for scRNA-seq data. Shown are distributions of the number of reads per cell (left), the number of genes detected with nonzero transcript counts per cell (centre) and the fraction of reads mapping to the mm10 mouse transcriptome per cell (right) in the droplet-based 3′ scRNA-seq data (a) and the plate-based full-length scRNA-Seq data (b). c-f, Agreement across batches. c, Contribution of batches to each cluster. Each pie chart shows the batch composition (colour-coded legend) of each detected cluster (labelling and number of cells are marked above each pie chart) in the droplet-based 3′ scRNA-seq dataset (n = 6 mice). All ten replicates contribute to all clusters, and no major batch effect is observed. d, Cell type proportions across batches. Shown is the proportion of detected cells in each major cell type in the droplet-based 3′ scRNAseq dataset in each of ten batches (points; n = 6 mice). Grey bar, mean; error bars, s.e.m. e, Agreement in expression profiles across mice. Box and whisker plot shows the Pearson correlation coefficients in average expression profiles (average log 2 (TPM + 1)) for cells in each cluster, across all pairs of mice. Black bar, median value; box edges, 25th and 75th percentiles; whiskers, a further 1.5 times the interquartile range. Clusters with additional subtypes (such as tuft and EEC cells) show more variation, as expected. f, Scatter plots comparing the average log 2 (TPM + 1) gene expression values between two scRNA-seq experiments from the droplet-based 3′ scRNA-seq dataset (top), between two scRNA-seq experiments from the plate-based full-length scRNA-seq dataset (centre), or between the average of a plate-based full-length scRNA-seq and a population control (bottom). Pearson correlation is marked top left. g, Additional quality control metrics and cluster annotation on the basis of the expression of known cell type markers. t-SNE visualization of 7,216 single cells is shown, where individual points correspond to single cells. Cells are coloured by, from top left to bottom right, their assignment to clusters using a k-nearest-neighbour graph-based algorithm (Methods; legend shows the cluster type) (identical to Fig. 1b) , mean expression (log 2 (TPM + 1)) of several known marker genes for a particular cell type or state (indicated above each plot), the mouse from which they originate (see legend), the number of reads per cell, the number of genes detected per cell, or the number of transcripts as measured by UMIs per cell.
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Experimental design 1. Sample size
Describe how sample size was determined. We analyzed over 50,000 single epithelial cells to gain maximum power to detect heterogeneity, and to detect shifts in cell proportions using single cell RNA-seq. We used 'how many cell' tool to estimate the probability of detecting cell types, see 'Single-cell survey of small intestinal cells'
Data exclusions
Describe any data exclusions. No animals were excluded. Low quality, immune cells and doublets were filtered out computationally, see Methods
Replication
Describe whether the experimental findings were reliably reproduced.
All mouse experiments were repeated at least twice in which we analyzed single cells from 2 mice per group at a single time, most experiments had n=4 mice in total.
Randomization
Describe how samples/organisms/participants were allocated into experimental groups.
All mouse models (control; C57bl/6J, Lgr5-EGFP-IRES-CreERT2 and Gfi1b-eGFP) that were used in this study were 7-10 weeks old littermates, which assigned randomly or by genotype to groups (Methods).
Blinding
Describe whether the investigators were blinded to group allocation during data collection and/or analysis.
We preformed an unbiased analysis to all datasets from different mouse models on a single cell resolution.
Note: all studies involving animals and/or human research participants must disclose whether blinding and randomization were used.
Statistical parameters
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the Methods section if additional space is needed).
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)
A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same sample was measured repeatedly A statement indicating how many times each experiment was replicated
The statistical test(s) used and whether they are one-or two-sided (note: only common tests should be described solely by name; more complex techniques should be described in the Methods section)
A description of any assumptions or corrections, such as an adjustment for multiple comparisons
The test results (e.g. P values) given as exact values whenever possible and with confidence intervals noted A clear description of statistics including central tendency (e.g. median, mean) and variation (e.g. standard deviation, interquartile range)
Clearly defined error bars
See the web collection on statistics for biologists for further resources and guidance.
